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BOLD (Blood Oxygen Level Dependent) effect
Indirect measure of neuronal activation

control activation
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The general linear model (GLM)
Modelling the BOLD signal

Where does the hemodynamic response function (HRF) come from?
Formulation and resolution
Collinear regressors

Using derivatives of the HRF



The general linear model (GLM) Modelling the BOLD signal
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The general linear model (GLM) Modelling the BOLD signal

example
protocol
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The general linear model (GLM) Modelling the BOLD signal

convolution model
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The general linear model (GLM) Where does the hemodynamic response function come from?

G. M. Boynton et al.
J. Neurosci. (1996)
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The general linear model (GLM) Where does the hemodynamic response function come from?
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The general linear model (GLM) Formulation and resolution

convolution model
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The general linear model (GLM) Formulation and resolution

convolution model convolution model
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The general linear model (GLM)

Formulation and resolution

convolution model
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The general linear model (GLM) Formulation and resolution

y(t)

iIn each voxel k

y()

y(t)
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The general linear model (GLM) Formulation and resolution

unknown noise
(to be estimated) (assumed i.i.d.)
in each voxel k yit) =b  x (1) +b,x,(t)+byx,(t)+e(t)
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The general linear model (GLM) Formulation and resolution

in each voxel k yit) =b  x (1) +b,x,(t)+byxy(t)+e(t)
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The general linear model (GLM) Formulation and resolution

in each voxel k Y=Xb+E

motion parameters

X

design matrix



The general linear model (GLM)

Formulation and resolution

iIn each voxel k

y()

Y=Xb+E
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Ordinary least-squares estimation
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y(t) =b X (1) + b X (t) +e(t)
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Such that: S'e2 (1) = S(y(®) i y(t) )2 is minimum (sum of squared errors)



The general linear model (GLM)

Formulation and resolution

iIn each voxel k

y()

Y=Xb+E

y(t)
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The general linear model (GLM) Formulation and resolution

y(t)

iIn each voxel k

y()

y(t)

Compute: Y = Xb
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Such that: the sum of squared errors is minimum ETE:(Y-Y)T(Y-Y)



The general linear model (GLM) Formulation and resolution

Y

iIn each voxel k
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Explained variance, re&tdual “@rroré
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signal variance
Var(Y) = 229.31 (s = 15.14)



%@Explained variance, residuaYIZqu_Eré
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’g"Explained vari ance, residuaYIZqu_tEré
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ﬁ%‘;ﬁExplained variance, residuad=xHpHEEre
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%@Explained variance, residuaYIZqu_Eré
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%M’Explained variance, residuad=gpRLeEré
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